Since the beginning of the new millennium, stock markets went through every state from long-time troughs, trade suspensions to all-time highs. The literature on asset pricing hence assumes random processes to be underlying the movement of 
construction and financial modelling. As Marvin ([6] ) points out, these correlations of the first difference of one-day logged stock prices are, however, not constant over time and may even reverse during times of crisis. The widespread misperception of the market dynamics by investors and financial modellers in the beginning of the 2000s is said to have amplified the severity of the critical period 2007-2008, i.e., the Great Recession ( [7] ).
Shortly after, the two-year period of 2010 and 2011 was also characterized by both a steep in-as well as decrease in global commodity prices. The All Commodities Price Index did not surpass its peak of 2008, but the sub-index of Non-Fuels experienced a sharp increase in late 2010 before crushing down from mid 2011 onwards. The literature identifies both demand side as well as supply side effects to be accountable for the rally in commodity prices. Hochman and co-authors ( [8] ) name speculation, rising energy prices and low agricultural productivity growth, but above all a depreciating U.S. dollar as macroeconomic reasons for the run up in food commodity prices in late 2010. According to an IMF report ( [9] ), the rise in food prices was mostly caused by poor harvests in Asia and Russia, whereas the decline in 2011 is mostly attributable to a slowing down of global economic growth.
Assessing the co-movements of stock returns and time-varying market structures are, hence, key to understanding and reacting to the effects of a changing macroeconomic environment. The purpose of this paper is to shed further light on the community structure of the S&P 500 stocks in between the years 2004 through 2011, by emphasizing the roles of both the Great Recession and the Global Commodity Crisis. Facilitating the understanding of the dynamics of community structure over time and especially during turbulent periods improves the knowledge on the role of some macroeconomic variables and their influence on stock returns.
The way stocks aggregate into either clusters of industry sectors or into clusters defined by the simultaneous co-movement of stock returns is envisioned to contribute to uncover the dynamics of the S&P 500 stock market. Clustering in networks, where links are based on simultaneous co-movements of stock returns, is a measure of synchronization in the market. As such, clustering may provide information independent of other global market indicators, improving the search for economic factors which may be neither industry sectors nor other obvious economic facts ( [10] - [14] ). with a "natural" classification, namely the one that is defined by the Global Industry Classification Standard (GICS), separating the 296 stocks into 11 distinct industry sectors.
The remainder of the paper is structured as follows: Section 2 shortly describes the data set used for the forthcoming analysis, before a short summary of network induction and modularity detection techniques is given in Section 3 in order to facilitate their interpretation in Section 4. The last section concludes.
Data
The underlying data set comprises 296 companies of the Standard&Poor's 500 index, covering the period from 01/03/2000 to 12/31/2015. Daily stock prices have been extracted from the information network Bloomberg [16] . The analyzed companies have thus survived the first 15 years of the 21 st century and have, in addition, not been delisted from the S&P 500 index. The community structure of the S&P 500 was examined in three distinct two-year periods: the pre-crises period (2004) (2005) , and the turbulent periods of the Great Recession (2007) (2008) (2009) ) and the Global Commodity Crisis (2010-2011). For further comparison and differentiation of companies, their daily market capitalization served as a proxy for a company's size. * . * Market capitalization is defined as the total current market value of all of a company's outstanding shares, as stated by the data provider. A company's daily market capitalization is the product of the number of current shares outstanding and the trading day's close-of-business stock price.
Method
Network approaches have been a common practice in the analysis of systems, whose main focus relies on a relational nature. It is a tool used frequently in the studies of financial systems and especially in the analysis of the dynamics of market stocks ( [1] , [10] - [14] ).
Networks of stocks
The adoption of networks has often been based on the notion of distance. Depending on the circumstances, distance may be measured by the strength of interaction between the agents of a system, by their spatial distance or by some other criterion expressing the existence of a link between the agents.
Based on the notion of distance, global and local parameters have been defined to characterize the connectivity structure of the induced networks. Here, we are mostly interested in three global parameters: the modularity measure (Q), the characteristic path length (C) and the network diameter (d).
Correlation-based metrics are frequently used for computing metric-compliant distance measures. We follow Mantegna ([1] ) in computing the distance between any two stocks as:
where ρ i j is the Pearson Correlation Coefficient computed for each pair of stock returns (r i , r j ), which are derived from the one-day log differences of n stock prices recorded in time-series of length T :
-p i,t being the stock price of company i at time t.
The methods for describing the way community structures and its associated modularity measure are computed can be found in the literature under the notion of hierarchical clustering ( [17] , [18] ). Stock return distances are then used to induce networks of stocks, where parameters can be measured in order to characterize the network structure. For this purpose, we construct a graph from the weight w i j , which measures the inverse distance
of each pair of stock returns (r i , r j ) over a certain time horizon T . Such a distance-based measure, w i j , corresponds to the connection strength between stocks i and j. In so doing, the resulting network of stocks, N, is a complete, undirected and weighted network.
However, the computation of global and local parameters usually applies to graph structures that are sparse. Since the networks we work with are fully-connected structures, a first step is targeted at obtaining a sparse representation of the network, with the degree of sparseness generated endogenously, instead of an a priori specification. When looking for a suitable degree of sparseness, disconnectivity shall be avoided.
The Minimal Spanning Tree (MST) is a representation of a network, where sparseness replaces full-connectivity in a suitable way.
Minimal Spanning Tree
From the n × n distance matrix a hierarchical clustering is then performed using the nearest neighbor method. Initially, n clusters, corresponding to the n agents, are considered. This process continues until a single cluster remains. This clustering algorithm is also known as the single link method, being the method by which one obtains the Minimal Spanning Tree (MST) of a graph. In a connected graph, the MST is a tree of n − 1 edges that minimizes the sum of the edge distances.
In a network with n agents, the hierarchical clustering process takes n − 1 steps to be completed, and uses, at each step, a particular distance d i j ∈ D W to clump two clusters into a single one.
Linking the nodes with the lowest distance (highest strength) allows to efficiently assess the intensity of connections between stocks and between different industry sectors within a given portfolio.
Modularity and communities
Examining the community structure of the S&P 500 in three distinct two-year periods, this paper builds up on the community structure detection approach by Newman ([17] ), which defines the modularity, Q, as the difference in the number of edges within a cluster and the number of edges in a random network. The crucial assumption is based on the fact that a random network does not exhibit any community structure ( [19] ), whereas a high modularity suggests a large deviation of the detected clustering from a completely randomized network.
Gephi's modularity measure 
Comparing partitions
Once the stocks are clustered into communities according to their MST links, a comparison with the sectoral communities is performed. In so doing, a measure of similarity of partitions is used to quantify the extent to which the partition, delivered by Gephi's Community Detection Algorithm, is close to the sectoral partition. We follow reference ( [21] ), accounting for the fraction of correctly classified nodes in the entire MST.
We consider two partitions S = (S 1 , S 2 , ..., S n ) and
with n and m clusters, respectively, corresponding to the sectoral communities (defined by the classification of the 296 stocks into 11 distinct industry sectors) and to Gephi's
Community Detection Algorithm ([15]).
A node in the sectoral community S i is correctly classified, if it gathers in the same
Gephi's community G j with at least half of its sectoral partners in S i . This number is divided by the size of the network (296), providing a value between 0 and 1.
Therefore, besides the above mentioned global parameters (modularity, characteristic path length and diameter), the structural aspects of the minimal spanning trees, arising from business-as-usual, Great Recession and Global Commodity Crisis periods, are further described by quantifying the fraction of correctly classified nodes (σ ). In so doing, we aim at contributing to a comprehensible understanding of how community structures change during turbulent periods, by shedding further light on the role of a macroeconomic variable and its influence on stock returns.
In the same way in which a high modularity (Q G ) measures a large deviation of the detected clustering from a random network, the fraction of correctly clustered nodes (σ )
provides a complementary quantification of the extent to which clustering conforms to a well known macro structure. Since the communities being defined are exclusively dependent on the strength of the links between stocks, the emerging clusters reflect synchronization in the market. In so doing, its conformity to industry sectors may provide information on the role industry sectors play either in business-as-usual or in turbulent periods.
Results
The underlying data set comprises 296 companies of the Standard&Poor's 500 index. 
Data overview
The first plot in Figure 1 Figure 3 shows that Energy forms the most connected group of companies, followed by Financials. However, the network's hub PPG Industries belongs to the Materials sector. With the distribution of the nodes' degree showing some homogeneity, the structure ‡ Despite the relatively small number of nodes, OpenOrd seemed to better account for the underlying community structure than the Frutcherman-Reingold algorithm.
of MST 04−05 can be considered close to a path motif.
A path motif characterizes a graph in which the number of leaves, i.e., the number of nodes with degree equal to 1, is much smaller than the size of the graph. A simultaneous consideration of the graph diameter (d), allows to characterize tree motifs with different shapes.
When the number of nodes of the tree is greater than 2, and depending on the motif that the MST approaches, its diameter ranges in between 2 and N − 1 (2 ≤ d ≤ N − 1).
The closer d N−1 is to 1, the less is the similarity of the MST to a star motif. Moreover, with the number of leaves ranging in between exactly the same values but in the opposite direction, the closer to one, the less is the similarity of the MST to a path motif.
After inducing the network of stocks from the pre-crises data and having computed its 
Network of stocks in the critical periods
Different shapes characterize the networks MST 07−08 and MST 10−11 . Figure 4 shows the minimal spanning tree (MST 07−08 ) induced from the Great Recession data. As in Figure 3 , the size of each node is proportional to the node's degree, while nodes are colored according to their industry sector, as in Figure 3 . After computing the MST 07−08 , Gephi's Community Detection Algorithm is applied to identify communities in the MST 07−08 . Figure 4 shows that the degree (the size) of some financial companies is much larger than their size in Figure 3 . The degree distribution reveals that three Financials exhibit a degree equal to or larger than 12 and rank among the four most interconnected firms, whereas none of the financial entities reached a degree higher than 9 in the previous assessment period. Furthermore, eight out of the twelve most interconnected nodes are Same-sector agglomeration seems to be limited, with especially the financial hubs being spread out through the system and linking predominantly with extra-sector companies -a hint for the spillover of the banking crisis onto the real economy.
The relationship between degree centrality and size still shows an ambigous picture: the degree representation among the 5% largest companies could slightly increase to 6.44%. However, 40% of the 5% largest companies showed detrimental dynamics in degree and average market capitalization.
All in all, the overall cluster formation in Figure 4 Comparing Figures 3 and 4 , the predominant characteristic of the latter is the changed degree distribution and appearance of further hubs, especially in the Financials sector.
Moving to the analysis of the last two-years period, Figure 5 Recalling the purpose of our paper, we were interested in the dynamics of the stock market over time, in particular, in how a changing macroeconomic environment affects the market's inherent community structure. Thus, we took a balanced sample of the S&P 500, composed of 296 stocks, throughout the period ranging from To uncover the S&P 500's community structure, we applied a three-fold approach:
at first, networks of stocks are induced from a business-as-usual (2004) (2005) , the Great Recession and Global Commodity Crisis data. To abstract from a fully connected network, we used the Minimal Spanning Tree to filter the strongest links between companies. Based on these shortest distances, the underlying community structure within the three time periods was then characterized by the network's diameter, the characteristic path length,
Gephi's modularity and the maximum degree. A last step then compared the resulting clusters, produced by Gephi's Community Detection Algorithm, with the natural partition based on the GICS' sector identifier.
The results highlight, how the Euclidean distances among stocks contract in periods of unrest. Furthermore, the steeply decreased values of the network diameter and characteristic path length during both the Great Recession and the Global Commodity Crisis already indicate a reinforcement of structure within the network. The order of Gephi's modularity Q G reveals a highly clustered system of stocks in the three periods, with same-sector clustering being slightly more pronounced during the years 2010-2011. In so doing, this study contributes to a further understanding of the time-varying structure underlying the S&P500, improving the search for economic factors which may be neither industry sectors nor other obvious economic facts.
